As standards for vehicle greenhouse gas emissions and fuel economy have become more stringent, concerns have arisen that the incorporation of fuel-saving technologies may entail tradeoffs with other vehicle attributes important to consumers such as safety, comfort, or performance. Assessing the effects of these tradeoffs on consumer welfare requires estimates of both the degree of the tradeoffs, and consumer willingness to pay (WTP) for the foregone benefits. This paper focuses on WTP estimates. We first conduct a detailed review and synthesis of literature that presents or can be used to calculate WTP for vehicle attributes. We identified 52 U.S.-focused papers published between 1995 and 2015 (with one exception) with sufficient data to calculate WTP values. We identify 146 individual characteristics valued by the literature, which we consolidate into the 15 general categories of comfort, fuel availability, fuel costs, fuel type, incentives, model availability, non-fuel operating costs, performance, pollution, prestige, range, reliability, safety, size, and vehicle type. We next calculate WTP values for those characteristics based on the coefficients and data reported in the papers. In addition to mean WTP estimates, we present uncertainty estimates around each WTP value, based either on standard errors of the estimated coefficients or the standard deviations in random coefficient models. Our findings suggest large variation in WTP values for vehicle characteristics, both within and across studies. We further analyze factors that may contribute to this large variation via analysis of variance (ANOVA) and metaanalysis of the fuel economy and acceleration WTP values. This variation results in part because of methodological choices involved in estimating how attributes affect consumer vehicle choices, such as the kind of data used, the choice of statistical method, or whether instruments are used in the regressions. Nevertheless, most of the variation in results remains unexplained. These results have implications not only for the use of WTP estimates in policy analysis, but also for assessing the validity of vehicle demand models.
Introduction
Cars and light trucks are significant contributors to air pollution and to greenhouse gas emissions in the U.S. and around the world. The incorporation of technologies to reduce emissions may not only increase vehicle costs, but may also entail tradeoffs in other vehicle attributes important to consumers such as safety, comfort, or performance. Assessing the effects of these tradeoffs on consumer welfare requires estimates of both the degree of the tradeoffs, and consumer willingness to pay (WTP) for the foregone benefits.
Dozens of papers have examined how consumer demand for light-duty vehicles is affected by vehicle attributes, such as fuel economy, performance, or size. It is possible from these papers to derive estimates of consumer willingness to pay (WTP) for those attributes. Often, though, the published papers do not report WTP values, nor do they compare the estimated values with those from other papers. Thus, little seems to be known about the WTP for these characteristics.
This research provides a meta-analysis of factors that contribute to willingness to pay for vehicle attributes. We use 52 U.S.-focused papers published (with one exception) between 1995 and 2015 with sufficient data to calculate WTP values for various vehicle attributes. Those papers produce 786 WTP values for 146 unique attributes (Greene et al. 2017) . We consolidate the 146 attributes into 15 general categories: comfort, fuel availability, fuel costs, fuel type, incentives, model availability, non-fuel operating costs, performance, pollution, prestige, range, reliability, safety, size, and vehicle type. We then calculate, for each observation, WTP values and their ranges for those characteristics, based ozn the coefficients and data reported in the papers. When possible, attributes with different units are converted into common units. WTP estimates for all attributes and all studies are presented in Greene et al. (2017) .
The sample statistics for the WTP values suggest very wide variation in results: the standard deviations for the central estimates typically exceed the central estimates. To understand the sources of this high variation, we pursue a meta-analysis of the results. This analysis suggests that factors in the control of the analyst, such as the chosen regression technique or the data type, affect the results. These specification issues, while apparently important, nevertheless do not explain a very large proportion of the variation in the estimates. It appears, then, that existing research provides little consensus about the WTP for vehicle characteristics in people's vehicle purchase decisions. The wide range of values not only restricts the value of incorporating changes in vehicle attributes into policy analysis, but even raises questions about the robustness of the vehicle demand models from which they were estimated (see, e.g., ).
Literature Review
A rich literature on willingness to pay (WTP) for vehicle choices has developed over the last fifty years from innovations in the theory and empirical estimation of consumer demand, going back to Lancaster's (1966) conception of consumer goods deriving their value from their attributes, rather than the good itself. Early applications of Lancaster's theory included efforts to predict transportation choice: Quandt and Baumol (1966) defined the value of transportation mode by its speed, frequency of service, comfort, and cost. Hedonic demand models arose from efforts to empirically test Lancaster's choice theory; they predict consumers' willingness to pay for goods as a function of their attributes (Rosen 1974) . McFadden (1974) applied the theory of demand for attributes to modeling consumers' choices among discrete modes of transportation. Consumers were assumed to base their choices on indirect utility functions comprised of an observable function of the attributes of the choices and of the consumers and an unobservable random utility component. By specifying the distribution of random utility as a type I extreme value distribution, McFadden derived the multinomial logit model, variations of which still dominate the literature today. The first application of the multinomial logit discrete choice model to automobile choice appeared in 1979 . Lave and Train's model predicted consumers' choices among ten vehicle classes using data from a survey of new car buyers in seven U.S. cities.
Over the past 35 years, formulations of discrete choice models applied to vehicle choices have increased in number and complexity. Methods have been developed for estimating discrete choice models using market sales data and for estimating models from survey data with random coefficients to reflect variations in consumers' valuation of different attributes . Others have included extensive interactions with socioeconomic variables such as income, household size, and urban or rural environment to learn how consumer taste varies across population subsets. 1 Despite the proliferation and refinement of willingness to pay studies on vehicle choice, there is little work synthesizing their results, and the reviews that do exist suggest lack of consensus. Greene and Liu (1988) provide one of few systematic reviews of the willingness to pay literature. They assess ten papers that use data from 1978 to 1985 for WTP for reduction in fuel costs, weight, interior size, and engine size-to-weight (power). They find large variation in estimates for all these attributes. Greene (2010) re-assesses the economic evidence on WTP specifically for fuel economy, using 25 studies published between 1994 to 2010. Again, there is no apparent consensus in the literature. About half of the studies find that consumers undervalue fuel economy as opposed to the full or over-valuation estimated from the other half. The variation in results across studies does not have an obvious source.
We find few literature reviews on attributes beyond fuel economy, despite the recognition that factors such as performance may be more important to consumers (Greene et al 2009, Klier and Linn 2010) . Whitefoot and Skerlos (2012) present one attempt to synthesize the literature on acceleration, footprint, and fuel economy in their simulation of optimal vehicle sizes based on technical constraints (necessary trade-offs between vehicle characteristics) and the national fuel economy standards. They review the WTP literature for the range of plausible consumer valuations for each of those attributes to parameterize their model. They find that average willingness to pay ranges from $340 to $2000 for additional square footage, $160 to $5500 for 0.01hp/lb increases in acceleration, and $800 to $9000 for a reduction of one gallon per 100 miles. They simulate several scenarios using combinations of the low, mid, and high values for each of the attributes with the hope that true willingness to pay lies within the large bounds. They find that in nearly all the scenarios, welfare could be improved by increasing the vehicle footprint. Dimitripolous et al. (2013) provide the only systematic assessment of apparent divergences in the WTP literature, in their meta-analysis of electric vehicle range. They review 80 stated preference studies, of which only 33 provide enough information to calculate willingness to pay. WTP estimates vary widely but the authors conclude that consumers were willing to pay, on average, between $66 and $75 (2005$) for a 1-mile increase in driving range. The distribution of estimates was positively skewed, with a median value of $55 and a range of $8 to $317. The authors present 95% confidence intervals of $49 to $84 (unweighted), $48 to $101 (weighted by observations per data set) and $29 to $104 (weighted by observations per data set and study sample size).
The meta-analysis produces several inferences concerning the effects of methods and study design. Studies employing random coefficient models assuming log-normal distributions for both purchase price and driving range produced much higher WTP values than other methods. Studies that focused exclusively on battery electric vehicles (BEVs), not including other types of alternative fuel vehicles, produced higher estimates of WTP for range. In general, WTP for range was lower for studies that included longer driving ranges. Studies that included the option of fast-charging for EVs produced lower WTP estimates. Finally, USbased studies produced higher WTP values than EU-based studies.
Recent work by Liao et al. (2016) and Greene et al. (2017) provide descriptive summaries of the WTP literature for a breadth of vehicle attributes. Liao et al. summarize the statistical significance and direction of effect for technical, policy, and infrastructure-related attributes for electric vehicles. Greene et al. provide descriptive statistics of WTP for vehicle characteristics, restricted to US samples from the years 1995-2015. This meta-analysis builds upon the results of Greene et al. (2017) .
In summary, we find that there is a wide body of understudied literature on WTP for vehicle attributes. There have been some attempts to review and synthesize this literature, but they have been limited in the scope of attributes considered. No study has yet reviewed the entire set of attributes available in the literature and sought to systemically explain the observed disparities.
Data
For this study, we conducted a systematic literature review for peer-reviewed publications and grey literature from academic or research institutions that suggested relevance to the following set of search terms.
We identified literature using three different search strategies. We reviewed search engines such as Google Scholar, Science Direct, and Econlit directly using the listed search terms. In addition to these databases, we reviewed bibliographies of relevant literature for further sources. Finally, we ran searches on relevant economics, energy, or environment-focused academic journals. A fourth unanticipated strategy was receiving published or working paper suggestions through correspondence with other authors during our data processing and analysis stages. Our final sample included 52 relevant papers with sufficient data to calculate WTP values. Each of these studies focused on the U.S. and all but one were published from 1995 to 2015. 1 From our final sample of 52 studies, we were able to calculate 786 estimates of WTP for vehicle attributes, within which there were 146 unique attributes. As Table 1 details, the majority of the estimates came from peer-reviewed literature (86.5%); seven papers from the main sample came from grey literature. We found a mix of data types utilized: about 58.6% of the estimates came from survey data (19.3% revealed preference surveys such as the National Household Travel Survey that reflect respondents' actual vehicle purchases and 39.3% stated preference surveys reflecting hypothetical choices), 29.0% came from market data, and another 12.4% from other sources including joint revealed preference-stated preference (RP-SP) data and literature summaries.
Newer studies tended to rely more heavily on survey data, particularly on stated preference surveys as a mode of ascertaining taste for alternative fuel technologies. Alternative fuel vehicles present unique challenges due to limited availability and variation in the marketplace, and lower consumer familiarity with their specific features (Potoglou et al. 2008) . Researchers often rely on stated preference survey data to construct hypothetical scenarios or attribute bundles for respondents to explicitly evaluate. The resultant WTP estimates, however, are susceptible to self-reporting biases. Efforts to combine revealed and stated preference data hold promise, but are nonetheless limited by the availability of comparable revealed preference data (see . We also note that most estimates of WTP jointly represent the decisions of vehicle consumers and producers. In few cases, instrumental variables (IV) have been used to address this simultaneity and identify the demand equation , Klier and Linn 2010 , Allcott and Muehlegger 2008 . IV approaches have typically found smaller attribute values, as discussed below.
Given the diversity of attribute measures, a significant challenge was standardizing units and measures across studies to enable cross comparison. We categorized attributes broadly into fifteen groupings, listed in Figure 1 , for the purposes of utility and illustration. These groupings are intended to represent the quality consumers seek or assess in vehicles, via the observed attribute. For example, acceleration time and braking distance are both measures of performance. Miles per gallon is an example of fuel costs. We derive the groupings from existing taxonomies in the literature, balancing against author interpretations. We describe methodologies for standardizing attributes for comparison further in Section 4 below.
As shown in Figure 1 , we find that grouping frequencies often do not map directly onto consumer priorities. Most interesting to note is that key qualities such as safety, reliability, and comfort rarely appear in the literature despite their expected relevance to consumer decision making. In many cases, this is a result of limited data on these characteristics and few available proxies. In other cases, some attributes may signal multiple qualities to consumers that may not be captured in this taxonomy. Vehicle weight, for example, is a measure of size but also correlates strongly with vehicle class. We find that other core factors such as fuel cost, fuel type, and performance are considered in many studies and provide grounds for comparative analysis. We also see that vehicle class appears in several studies, though these attributes often serve to function as controls or fixed effects rather than variables of interest. A more complete description of the data can be found in Greene et al. (2017) .
Methods used to Estimate WTP
Few researchers present the willingness to pay values that are implied by their estimated models. 1 The ease of 'backing out' willingness to pay varies by the model and specification used. We find three main categories of empirical models from which to derive willingness to pay (WTP) estimates:
1. Hedonic price models, 2. Multinomial logit (MNL) and nested multinomial logit (NMNL) models and, 3. Mixed logit (MXL) and other models with random distributions of preferences.
In hedonic price models, vehicle price is the dependent variable and the vehicle's attributes are explanatory variables. In the simplest form, the price of vehicle i is a linear function of its weighted (α) attributes, as shown in Equation 1.
Equation 1
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Assuming that the hedonic price function correctly represents a demand function, the marginal value or willingness to pay (WTP) for the j th attribute is the derivative of price with respect to xij (Equation 2). In MNL and NMNL models, the indirect utility function of consumer i is a function of vehicle attributes and, in general, other variables describing the consumer. Purchase price is almost always one of the variables in the utility function. Because purchase price is measured in present value dollars, the negative derivative of the utility function with respect to price is the marginal utility of a dollar of income (since one dollar of price is equivalent to a negative dollar of income). As defined in Equation 3 , the marginal values of other vehicle attributes are obtained by dividing the derivative of utility with respect to an attribute (∂U/∂x, whose units are utility per unit of the attribute) by the negative of the derivative of utility with respect to price (-∂U/∂P, whose units are utility per dollar, present value).
In the simplest of models, WTP will be the negative of the ratio of the coefficient of x, defined here as the parameter α, to the coefficient of purchase price β, e.g., -α/β. However, in general both α and β are random variables because they are estimated with error. The first order Taylor series approximation to the ratio of two random variables is just the ratio of the random variables. Because published articles almost never provide the variance-covariance matrix for coefficient estimates, we use the first order approximation in all cases to estimate WTP. The second order Taylor series approximation is useful for illustrating the potential sources of error in the first order approximation. Consider the second order approximation of the expected value, E[-α/β], of the ratio of two random variables, -α and β (Seltman, 2016) 
(Equation 4).
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If the coefficient estimates are uncorrelated, the second right-hand-side term is zero; the simple ratio WTP estimate will be biased if the coefficients are correlated. The third term's effect could be either positive or negative. The direction of the bias introduced by excluding the third term when using a first order rather than second order approximation depends on the sign of -α (β <0) and whether the variance of β is less than E 3 [β] . Although it would be preferable to use a better approximation method, such as the delta method, papers that provide the necessary covariances among coefficient estimates are a rare exception. In the case of mixed logit models, even knowledge of the variance-covariance matrix of estimated coefficients is generally not sufficient. Unbiased WTP estimates must be obtained by simulation methods. As a consequence, our central tendency estimates of WTP, like nearly all those in the extant literature, should be interpreted as conditional on the central tendency estimate of the price derivative. An extended discussion of this issue can be found in Greene et al. (2017) , Appendix C.
Frequently, vehicle price is divided by household income (P/Y) implying that the marginal value of a dollar of income decreases with increasing income. In the utility equation below (Equation 5), attributes of the vehicle, xj, are interacted with attributes of the consumer, zi, such as income.
In this case the marginal value of attribute j depends on both income, Yi, and a different consumer attribute, zi, as shown in Equation 6.
More complex formulations are frequently encountered but the WTP remains the negative of the derivative of utility with respect to the attribute divided by the derivative of utility with respect to vehicle price. The same method used for MNL models is used for NMNL models. In the case of NMNL models, the utility functions of the nests that include the prices of vehicles are used in estimating marginal WTP.
To derive a central tendency estimate of WTP, the central value for income and the other consumer attribute(s) must be known. Frequently, mean values for attributes are provided by a paper's authors but none have provided the joint distributions of income and other consumer attributes. The convention adopted in this paper is to use mean or median values (depending on the data available) for all variables for the relevant population, at the midpoint year of the sample data. When authors do not provide such data, it is often possible to find the appropriate data in other sources (e.g., Census Bureau reports). In such cases, care has been taken to match the relevant year and population whenever possible (e.g., new car buyers or all households? U.S. households or those in California?).
In random coefficient models such as the mixed logit (MXL), some or all coefficients of the indirect utility function are specified as random variables. Commonly, the papers use normal distributions for coefficients of attributes whose marginal values may be either positive or negative, and lognormal distributions are used when marginal values are believed to be either always positive or always negative (e.g., fuel costs). The convention used in this paper is to use mean values for normally distributed random coefficients and median values for lognormally distributed coefficients for the central estimates of those coefficients. Mixed logit models can become exceedingly complex when there are multiple, correlated random coefficients, and vehicle attributes are interacted with several other variables. Most authors provide sufficient information to derive central tendency WTP measures using the convention describe above.
Frequently, the coefficient of price is assumed not to be a random variable but is instead divided by income. In such cases, we calculate the central estimate of the marginal utility of income using the formula described above.
We perform further conversions on our initial database of willingness to pay values to enable comparison across related measures. For example, fuel cost is measured five different ways in our sample (Table 2) . To increase the number of estimates that can be directly compared, we converted gallons per mile ($/0.01 gpm), miles per dollar ($/10mi/$), miles per gallon ($/mpg), and dollars per year ($/($/year)) to cents per mile ($/cpm). Gallons per mile was converted by multiplying by the price of fuel. Dollars per year was converted by dividing by 100 and multiplying by the average annual miles driven per year. Miles per gallon was converted by dividing by the change in gallons per mile and then by the fuel price in cents per gallon. Miles per dollar was converted by dividing by the fuel price and then using the miles per gallon conversion. 1 Table 2 . Summary of different fuel cost metrics Performance is measured in five different ways in the literature ( Table 3) . Three of the metrics are useful measures of acceleration performance. Willingness to pay for reductions in the number of seconds required to accelerate from 0-30 mph (11 observations) and 0-60 mph (8 observations) and WTP for horsepower/pound (hp/lb, 29 observations) can each be used as measures of acceleration performance and WTP for each should be positive. WTP values for top speed (mph) (9 observations) and horsepower (11 observations) are also expected to be positive. Willingness to pay for seconds 0-30 can be approximately converted to WTP for seconds 0-60 by dividing by 2.5. In general, it takes longer to accelerate from 30-60 mph than from 0-30 mph so the conversion factor should be greater than 2.0. The ratios of 0-60 to 0-30 mph acceleration times for 15 recent model year GM, Ford and Chrysler vehicles measured by the State of Michigan (2016) averaged 2.54 with a standard deviation of 0.1.
The ratio of rated engine horsepower to vehicle weight has been shown to be an accurate predictor of 0-60 mph acceleration times (EPA, 2015) . EPA (2015) average is around 15,000 and thus this is the value we use in our calculations for annual miles per vehicle for new vehicles. A discount rate of 10% was chosen as a reference point for discounting fuel savings over vehicle lifetimes. This is not intended to be a precise rate, but it is around the average interest rate on automobile loans over the entire lifetime of our sample, which gives a point of reference. Solving the equation for the change in seconds 0-60 corresponding to an 0.01 increase in hp/wt from the 1995 to 2014 average for light-duty vehicles (EPA, 2015, Table 3.5) gives an approximate value for the reduction in 0-60 mph acceleration time of 1.68 seconds. Table 4 summarizes the findings on the WTP for vehicle attributes identified in this process. As shown there, even with outliers removed (the "Trimmed" data), the standard deviation of the central estimates exceeds the mean of the central estimates for most of the attributes, indicating that estimates of the WTP for most attributes plausibly include both positive and negative values. 
Meta-Analysis of WTP Estimates
The meta-analysis of WTP estimates has two objectives: 1) discover factors that may help explain the large variances of WTP estimates and 2) generate central tendency estimates for WTP for reduced fuel costs and acceleration times. We begin by using Stata's™ anova procedure to identify factors that might explain differences in WTP estimates across studies. All our factors but one, the year of the study, are categorical variables, which makes analysis of variance (ANOVA) a logical method to use. In addition, Stata's™ anova procedure allows nesting of factors, a useful feature for combining WTP estimates for different attributes. Results of the ANOVA of all WTP estimates are presented first. Although many measurable factors are found to significantly affect the WTP estimates, the majority of the variation remains unexplained.
We then explore possible explanations for the remaining variation using four case studies that present several alternative sets of estimates from the same data set by changing the variables included in a model, the way attributes are measured, interactions between attributes and demographic variables and methods of estimation.
Finally, meta-analysis methods are used to discover factors that may help explain the large variances of WTP estimates and seek consensus WTP estimates for reduced fuel costs and acceleration times, the most commonly included attributes besides vehicle price and the most directly related to fuel economy and GHG emissions. In all the analyses described in this section the small number of observations identified as outliers in Greene et al. (2017) were excluded (see also Table 4 ), giving us a total of 734 WTP estimates.
ANOVA of All WTP Estimates
The previous studies of WTP for fuel economy and performance suggest that heterogeneity of estimates across studies rather than estimation error is the predominant source of variation in WTP estimates. To estimate how much of that variance could be accounted for by observable and readily measurable factors, we combined the WTP estimates for all attributes and conducted an analysis of variance. We used the Stata™ anova procedure rather than metareg because the latter is best suited for use with continuous explanatory variables whereas all our factors are categorical except one, the date of the study. 5 Stata's™ anova allows continuous variables to be included in a model. The key to the ANOVA is accounting for the fact that the WTP database includes estimates for many different attributes measure with different metrics. This is accomplished by nesting the units in which attributes are measured within the type of attribute being measured and dropping empty cells. Ten factors are included in the full ANOVA model: The ANOVA results indicate that almost all the observable factors considered influence at least some of the WTP estimates. Several factors are directly under the control of the researcher: which variables are interacted with attribute variables, the units in which the attributes were measured, the type of model estimated, whether the estimation method assumes endogenous vehicle prices, and the preferred model form. The researcher also has some influence over the rank of the journal in which the research is published through their selection of journal to which the work is submitted. One driver of this decision is the perceived quality and significance of the work, with work deemed higher quality more likely to be submitted to higher ranked journals (and more likely to be accepted by those journals). Other factors describe the data: the Type, Choice Level and Sample Region. However, all these factors together (plus attribute type and units) can account for only about one fourth of the variance in the WTP estimates. The great majority of variation is due to "other factors."
Factors unaccounted for in this analysis include at least the following:
1. Decisions we made in estimating WTP. These include estimates we may have had to supply for mean values of attributes, vehicle price or interaction variables when they were not available in the paper. Our method of approximating the expected value of the ratio of the attribute and price derivatives is another source of potential variability.
2. Researchers' decisions about which variables to include in the model and which to exclude. In addition, the categories we chose for the factors included in the ANOVA are typically simplifications of actual differences from model to model.
Correlations among variables included in the estimated
Case studies of data sets with multiple results
Several studies provide alternative results with different sets of included variables, different metrics for the same attribute, or different estimation methods, all estimated from the same data set. These studies provide valuable insights into how strongly factors such as these that were not included in the meta-analysis may influence WTP estimates. tested alternative types of models, choice of included variables and choice of metrics for attributes. present results for instrumental variables (IV) using a variety of different instruments. shows how augmenting market sales data with survey data can dramatically change coefficient estimates. Brownstone et al. (1996) illustrates how the choice of demographic variables interacted with vehicle attributes can produce counterintuitive results. estimated a variety of discrete choice models, including MNL, NMNL and random coefficient models, using the same data set of sales of makes and models in the U.S. from [2004] [2005] [2006] . The estimated coefficients of vehicle price (in 10,000s of $) ranged from -0.19 to -0.61, except for one model estimated using the method of BLP which produced a coefficient estimate of -1.56. Because the coefficient of price is typically the denominator of the WTP estimate, such differences can be a major source of variability in WTP estimates.
Coefficients of vehicle attributes were even more varied. In the six models that represented fuel cost as gallons per mile, three coefficients had a negative sign (as expected) while three had a positive sign. In addition to model form and estimation method, the models differed with respect to the metrics of vehicle size included. Those with positive signs on fuel cost coefficients used width and length*width/height to measure vehicle size while those with negative signs included only length*width. chose the variables for the different models based on objective measures of model fit and adequacy, rather than the modelers' judgment. However, all of these metrics have appeared in other studies. Such results are typical when omitted variables bias is present. provide results for 14 different estimations of vehicle choice models at the make and model level using U.S. sales data for [2000] [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] . The authors compare estimates made by means of ordinary least squares (OLS) with estimates using two different sets of instrumental variables (IV). The OLS estimates are very different from the IV estimates: the price coefficient is about one fifth as large, the coefficient of cost per mile is positive and that of hp/wt is more than two orders of magnitude smaller than that obtained by the IV methods. The authors clearly state that they believe that the OLS estimates are biased by failing to account for price endogeneity. Nonetheless, the exercise demonstrates how strongly the method of estimation can influence results. also demonstrate that the instruments selected for the IV method can have a large impact on coefficient estimates. Instruments similar to those used by produced a coefficient estimate for hp/wt of 9.53, while those created by the authors based on engine characteristics produced an estimate of 38.75. Other coefficients do not vary as much between the two sets of IVs (e.g. the coefficient of log of price is -1.86 for the instruments and -1.28 for the engine instruments). Nonetheless, the experiment clearly illustrates how strongly even the choice of instruments in IV estimation can affect WTP estimates.
Some estimates may be robust to changes in a model's formulation while other are highly sensitive. also compare seven sets of coefficient estimates from models differing with respect to variables included, except for one that employed a different error structure. The four that measured performance as hp/wt had similar coefficient estimates for both hp/wt (47.20, 38.75, 40.74 and 42.18) and the log of price (-1.79, -1.28, -1.34 and -1.49 , in the same order). On the other hand, the same four models showed much greater differences in the estimated coefficients of fuel cost per mile (-13.24, -11.05, -22.94 and -3.29) . The model that produced the fuel cost coefficient of -22.94 differed by the inclusion of the lagged value of the dependent variable. The one that produced the estimate of -3.29 used a different set of instruments. Models including hp and weight as separate variables rather than as their ratio produced yet a different set of estimates for the coefficients of the log of price (-0.99, -0.60 and -1.06 ) and fuel cost (-3.95, -0.98 and +0.43) . A consequence of the sensitivity of estimates to choice of variables and instruments is that the estimates of the WTP for 0.01 hp/lb based on Klier and Linn fall into two clusters that differ in magnitude by a factor of 5 to almost 40: ($303, $264, $303 and $283) and ($52, $51 and $8).
Augmenting market sales revealed preference data with data on consumer attributes can also lead to dramatic changes in WTP estimates. Random coefficient models were compared with fixed coefficient logit models by who also augments vehicle sales data with data from the Consumer Expenditures Survey (CES) describing the average attributes of consumers purchasing new vehicles by income group. Four estimation methods were compared: OLS and IV for logit models and a Generalized Method of Moments algorithm for the random coefficient (RC) models, with and without the fitting to CES microdata. While many of the coefficient estimates are similar among the four models, the estimated coefficient of Miles/Dollar (miles per gallon/fuel price) for the OLS, IV, RC, and ARC models are, respectively: 0. 18, 0.05, -0.54 and -15.79 , with only the ARC model estimate being statistically significant but having a counterintuitive sign. The coefficients of miles per dollar in the RC and ARC models are expected to be positive, but the estimated standard deviations are only 0.04 (RC) and 2.58 (ARC), implying that nearly all consumers would prefer fewer miles per dollar. There are also major differences between the two estimation methods for other attributes, such as hp/lb. (See Greene et al., 2017, ch.6) .
The choice of demographic variable to interact with a vehicle attribute can also strongly influence coefficient and WTP estimates. Brownstone et al. (1996) estimated MNL models to predict vehicle transactions for 1,153 California households owning one vehicle and 1,156 households owning two vehicles. Vehicle price was interacted with household income category and the presence and age of children, creating a multiplicity of WTP estimates for different income groups and household compositions. Estimates of the willingness to pay for a $1 present value decrease in operating cost are shown in Figure 2 . High and low WTP estimates reflect +/-one standard error of the operating cost coefficient. The number of vehicles owned by the household (1 or 2) is shown in the horizontal axis labels, and luxury or lux indicates the household owns at least one luxury vehicle. Seven of the ten mean estimates are positive, suggesting that at least three categories of consumers would prefer higher operating costs. This result is due to positive coefficient estimates for vehicle purchase price for three of the household categories. The positive price coefficients create similarly anomalous WTP estimates for other attributes for these household categories. Other researchers using the same database but different model formulations produced widely varying WTP estimates for operating cost, acceleration, availability of fuel for alternative fuel vehicles and pollutant emissions (see Greene et al., 2017, ch. 6) . 
Meta-analysis of Central Tendencies for Fuel Cost and Acceleration Performance
Here we provide further meta-analysis of the WTP for fuel cost and for performance, because these attributes are most commonly included, and because of their importance for vehicle GHG and fuel economy standards.
For the analysis of overall central tendency for these two attributes, metaan's DerSimonian-Laird (DL) random effects method was used. It is designed to combine estimates from a set of studies, taking account of measures of reliability such as standard errors. The DL method assumes that the true effect (WTP) may differ across studies. 6 Because, in general, our studies come from different time periods and are sampled from different populations, some heterogeneity in WTP across studies is expected. The measures of heterogeneity produced by the DL method, as will be seen below, indicate extreme heterogeneity, consistent with the wide ranges of attribute values described in Section III.
WTP estimates from random parameter models and fixed parameter models are treated differently. WTP estimates from fixed coefficient models could be interpreted as the preference of a representative consumer or as the central tendency for the population. Even in models in which consumer attributes are interacted with vehicle attributes, a given WTP estimate is a point estimate for a particular subset of the population. For these WTP estimates, the measures of uncertainty are standard errors and represent uncertainty in estimation. In metaan, the inverses of standard errors are used to weight the WTP estimates from different studies to produce an overall, central tendency estimate of WTP.
WTP estimates from random coefficient models also measure the central tendency of the population, but the measures of uncertainty are standard deviations of preferences in the population. For meta-analysis of central tendencies it is not appropriate to weight studies by standard deviations, since these do not reflect the reliability of the estimate, but rather the estimated heterogeneity of tastes across the population studied. For random coefficient models, we weight WTP estimates equally. Weighting each WTP estimate by the inverse of the number of WTP estimates obtained from the same study was also tested and produced very similar results. The exception to this rule is when WTP estimates from fixed and random coefficient models were combined in the same metaan run. In such cases, standard deviations were used to weight the estimates from fixed coefficient estimates while standard deviations were used to weight random coefficient estimates.
Fuel Economy: $0.01 Reduction in Fuel Cost per Mile
Results of the metaan analysis for fuel cost, based on 69 fixed coefficient WTP estimates that could be reasonably converted to $0.01/mile, are shown in Tables 6, 7 , and 8 for models with fixed coefficients weighted by standard error, models with random coefficients with equal weights applied, and differentiating between models that did and did not correct for endogeneity, respectively. For models with fixed coefficients (weighted by standard error), the mean WTP for a $0.01/mile (2015 $) reduction in fuel cost is $854 with a 95% confidence interval (C.I.) range from $636 to $1072 (see Table 6 ). The category Market + Revealed Preference combines estimates from both types of data. Based on data from NHTSA (2006), a light-duty vehicle in the U.S. can be expected to travel approximately 115,000 discounted miles over its lifetime (future miles discounted at 6% per year). This would suggest a WTP of $1,150 for a $0.01/mile reduction in fuel cost. This is not necessarily a "correct" or "rational" WTP but provides a meaningful reference point for comparison with the central tendency estimates. The central tendency for all fixed coefficient studies is about three quarters of the reference value, with the high end of the metaan 95% C.I. falling just below the reference value. The p-values strongly reject the null hypothesis of no heterogeneity across estimates. WTP estimates for fuel cost appear to differ according to the nature of the data, with estimates derived from answers to hypothetical survey questions showing a much greater WTP. The overall estimates from studies based on market sales data and revealed preference surveys are similar and lower than the overall estimate from studies that used stated preference survey data. The 95% C.I.s for estimates from revealed and stated preference surveys do not overlap.
The market sales C.I. is much broader and has an $82 overlap of its $694 range with the stated preference C.I. Combining the studies based on market sales and revealed preference surveys produces a central tendency of $694 (60% of the reference value) with a C.I. that overlaps that of the stated preference surveys by only $2. While it is premature to draw firm conclusions, these results suggest that consumers' stated WTP for fuel cost reduction is substantially higher than what is implied by their actual purchases.
The Cochrane Q test for heterogeneity rejects homogeneity at the 0.000 level for all the metaan analyses shown in Table 6 . The I-squared metric indicates that almost all of the observed variation is due to heterogeneity across studies and that 1% or less is due to estimation error (as represented in the standard errors).
Results of the metaan analysis of WTP estimates from random coefficient models are shown in Table 7 . The overall mean of the 30 estimates is $2,061, well above the reference value ($1,150) , but the range is very large, from -$1,700 to +$5,848. This range reflects differences in central tendency estimates across studies and not heterogeneity of preferences across the population. While there are differences in the means and C.I.s across data types, there does not seem to be a clear pattern that distinguishes stated versus revealed preference of market sales data, as seen in the fixed coefficient estimates. The only common characteristic appears to be much higher variability. The Cochrane Q and I-squared statistics again confirm extreme heterogeneity across studies. Some studies attempted to take account of price endogeneity while others did not. Separate metaan runs for the two categories are shown in Table 8 . The overall central tendency WTP estimates for those that did attempt to incorporate endogeneity is less than half that of those that did not. The overall estimate for models that did not incorporate endogeneity is very close to the reference value, $1,052 versus $1,150, while the central tendency estimate for those that did was just over 40% of the reference WTP value. When prices and vehicle choices are simultaneously determined, the use of estimation methods that assume endogenous vehicle prices is likely to increase the absolute value of the price coefficient. 7 Since WTP is generally the ratio of the derivative of utility with respect to an attribute to the derivative of utility with respect to price, a price coefficient with a large absolute value will, all else equal, produce a smaller WTP estimate. The estimates shown in Table 8 appear to reflect this mathematical relationship. This discussion focuses on the 48 WTP estimates that either used the metric seconds 0-60 mph or could be reasonably transformed into that metric (those metrics are seconds 0-30 mph and horsepower divided by vehicle weight). The Stata™ metaan procedure was again used and estimates from fixed coefficient models were weighted by standard errors while those from random coefficient models were weighted equally except when combined with fixed coefficient estimates in the same metaan run. In those cases estimates were weighted by standard deviations. As can be seen in Table 9 , the overall mean estimates of fixed and random coefficient models are similar: $964 and $873/second 0-60 mph, respectively. The C.I. of the estimates from random coefficient models is again larger than that of the fixed coefficient models, which is surprisingly narrow. All the metaan analyses in Table 9 reject homogeneity across studies and attribute 95% or more of the variation to heterogeneity among the estimates. The WTP for performance estimates are analyzed by data type in Table 10 . Unlike the fuel economy estimates, for performance estimates from stated preference surveys are close to those based on market sales data ($905 vs. $743) and even closer to the overall estimate obtained when market sales and revealed preference survey estimates are combined ($905 vs. $925). In the case of performance, it is the overall estimate from revealed preference survey studies that differs the most ($1,699) and has the widest C.I. ($-797 to $4,136) . The similarity of the overall estimate from stated preference survey data ($905) to the combined market sales and revealed preference overall estimate ($925) hints that with respect to acceleration performance, consumers' stated preferences may be consistent with their actual purchase decisions. Studies that do and do not take price endogeneity into account are compared in Table  11 . Once again, the overall WTP estimate for studies that assume endogenous vehicle prices is lower than for studies that do not: $692 versus $1,010/s 0-60 mph. The C.I. for studies that do not assume endogenous prices is much narrower: $921 to $1,100 versus $-1,400 to $2,813. 
Concluding Observations
Estimating consumers' preferences for vehicle attributes is a very difficult problem. Automobiles are multidimensional with dozens of relevant attributes. Researchers face challenges of variables measured with error, omitted variables, and a range of correlations among included and omitted variables. Measuring relevant vehicle attributes, such as performance, is often difficult, and often only possible with a loss of precision. And consumers' preferences vary, apparently greatly. Finally, behavioral psychology suggests that, faced with such a complex, multidimensional choice problem (and one that most consumers do not face often), individuals may not make continuous trade-offs among all attributes, as assumed in the discrete choice and hedonic price models that are commonly used in these studies but instead may use simpler decision rules. This paper has analyzed WTP estimates from two decades of U.S. studies. Although measures of central tendency generally agree on signs, the variability in estimates across studies is almost always very large relative to the mean or median of the WTP estimates for any given attribute. Further analysis of these existing studies is needed to understand why such large differences in WTP estimates arise.
An analysis of variance using the full set of central tendency WTP estimates indicates that the estimates are affected by a variety of factors, some under the researchers' control and others not. Region, data type, estimation methods, model formulation and even the rank of the journal in which the research was published all show statistically significant relationships with WTP estimates. However, all the measured factors together account for only one fifth to one fourth of the total variation. Additional insights can be found in four studies that present results from multiple alternative models estimated on the same data set but varying included variables, metrics for the same attribute, and estimation methods. These studies show that small changes in these factors can, but don't always, produce large changes in coefficient estimates. The evidence is indicative of several difficult statistical problems: errors in variables, omitted variables, and correlation among attributes. These difficulties have long been recognized by researchers yet they make it difficult to find consensus among estimates of WTP for even the most frequently included attributes.
Our estimates come from 20 years of published literature and cover an even greater period of time. While all are from the U.S., some pertain only to California and a few others to a limited number of states or metropolitan areas. Some of the data sources are stated preference surveys, others are revealed preference surveys or market sales, and researchers occasionally use combinations of these. Researchers estimate different types of models and use different estimation methods. Functional forms and the ways the same attribute is measured differ. Our findings to date suggest some challenges for research that models consumer demand for vehicles and their attributes. Modeling results seem to be sensitive to a number of factors, including sources of underlying data, modeling techniques, included and omitted variables, and functional form. As discussed above, results vary widely not only across studies, but even within individual papers.
Recognizing the difficulty of the problem researchers in this area face, we offer a few recommendations that might eventually lead to greater consensus.
1. Routinely calculate the WTP estimates implied by coefficient estimates and compare them with those of other studies. Because authors have all the information necessary to compute precise and unbiased WTP estimates, the errors introduced by the approximate methods we have used can be avoided. 2. Pay particular attention to potential aliasing effects. Robustness checks and other measures can be used to identify which variables are aliasing other factors. Although it is frequently desirable to include these variables to obtain robust estimates of other variables, clearly distinguishing between variables that are believed to be aliasing other effects and those that are not could increase the likelihood of identifying consensus WTP values for attributes. 3. The units in which attributes are measured matters. For example, as and Dimitropoulos et al. (2013) point out, the value of vehicle range is best represented by the inverse of range. Similarly, if fuel economy is assumed to be traded off with vehicle price, measuring it in gallons or dollars per mile is more consistent with the rational consumer model than measuring it in miles per gallon. 4. Given the complexity of the vehicle choice problem and recent insights into consumers' decision making from behavioral economics, alternatives to the continuous trade-off, rational economic model should be explored.
Over the past two decades, impressive progress has been made with respect to the sophistication of models of consumer demand and methods of estimation. In spite of this, consensus on the values consumers attach to vehicle attributes remains elusive. In part, this undoubtedly reflects the heterogeneity of consumers' preferences for vehicle attributes. It also reflects the challenges of modeling and statistically estimating the behavior of real consumers making such a complex decision. The results of our study indicate that there is still more work to do.
